Using data from a social experiment, we estimate the impact of training on the duration of employment and unemployment spells for AFDC recipients. Although an experimental design eliminates the need to construct a comparison group for this analysis, simple comparisons between the average durations or the transition rates of treatments' and controls' employment and unemployment spells lead to biased estimates of the effects of training. We present and implement several econometric approaches that demonstrate the importance of and correct for these biases. For the training program studied in the paper, we find that it raised employment ra€es because employment durations increased. In contrast, training did not lead to shorter unemployment spells.
INTRODUCTION
Employment and training programs often improve the labor market prospects of economically disadvantaged women.1 This improvement results largely from increases in post-program employment rates rather than from increases in wages or in weekly hours for those who work. Training raises employment rates because former trainees find jobs faster when unemployed or hold on to their jobs longer when employed. This paper develops an econometric framework for estimating the effect of training on the duration of unemployment and employment. There are several reasons for separately estimating these effects. First, considerable benefits may accrue from combining a program that improves the employment prospects of unemployed workers with a program that enhances the ability of employed workers to retain their jobs.
Second, a program that lengthens trainees' employment durations may be preferred to one that shortens unemployment durations because stable employment is likely to lead to greater human capital accumulation than frequent job hopping. Such human capital increases may lead to subsequent rises in trainees' wages. Finally, for evaluations using short sampling frames, separate estimates of training's impact on employment and unemployment durations may be used to estimate the program's long-run effect.2 'Among nonexpcrimental evaluations Ashenfelter (1978) reports earnings gains for the 1964 MDTA cohorts; Bassi (1983) and Ashenfclter and Card (1985) find more modest earnings gains for CETA participants. Barnow (1986) provides a summary or evaluations of CETA. Card and Sullivan (1987) report gains in employment rates for CETA participants. Several experimental evaluations report employment and earnings gains for women. Those studies indudc: The National Supported Work Demonstration (see Hollister, Kempcr, and Maynard (1984) ); the WIN Research Laboratory Project (see \Vokhagcn and Goldman (1983) ); The WorkWel1are Experiments (see Friedlander (1988) ); and the AFDC Homemaker Home Health Aid Demonstration (Bell and Orr (1987) ).
2p estimate of the long-run effect of training on employment rates can be calculated from the difference between the ratio of the expected duration of employment to the sum of the expected durations of employment and unemployment for the trainees and the corresponding ratio for the control group.
In order to examine the effect of training on the durations of unemployment and employment, we apply our econometric approach to data from a social experiment. The advantage of these data is that among the population of eligible program volunteers, a woman's training status is uncorrelated with unobserved heterogeneity. In this case, a simple comparison between trainees' and controls' employment rates yields an unbiased estimate of training's effect on short-run employment rates. But, as we shall show, similar comparisons between the durations of trainees' and controls' employment and unemployment spells yield potentially biased and economically misleading estimates of the training effect. Consequently, even when using experimental data, evaluations of training's effect on employment and unemployment durations require a parametric statistical framework.
Our empirical findings may be summarized as follows. First, in our data, the standard empirical practice of using only fresh spells to avoid initial conditions problems in event history analysis yields misleading estimates of the training effect because it creates a serious sample selection problem that contaminates the experimental design. Second, our econometric framework successfully addresses these sample selection problems. This finding is important because there is no modification to the sample design that would eliminate such problems in our data. Finally, the social experiment studied in the paper -the National Supported Work (NSW) Demonstration -raised the trainees' employment rates because it helped those who found jobs hold onto them longer. The program had no effect on the rate at which trainees left unemployment.
The remainder of the paper proceeds as follows. Section 2 describes the social 2 3 experiment. Section 3 discusses the problems that occur when using expeimental data to make inferences about the effect of training on employment and unemployment durations. Section 4 constructs a statistical model that formally addresses the problems raised in the previous section. Section 5 reports our empirical findings. Section 6 concludes the paper and briefly discusses the benefits of having experimental data when analyzing this type of problem.
TRAINING'S EFFECT ON EMPWYMENT RATES
The NSW Demonstration provided work experience to a random sample of eligible AFDC women who volunteered for training.3 These women were guaranteed 9-18 months of subsidized employment in jobs in which productivity standards were raised gradually over time. Most jobs were in clerical or services occupations and paid slightly below the prevailing wage in the participants' labor markets. When their subsidized employment ended, the trainees were expected to enter the labor market and find regular jobs.
Despite similar pre-program employment rates, the trainees' post-program employment rates substantially exceeded those of the control group members. As shown by Figure 1 , the trainees' and controls' pre-program employment rates were essentially identical and were declining in the 48 semi-monthly periods prior to the baseline. After 3Therc are 275 trainees and 266 controls n our sample. Tabk A presents the means of the trainees' and controls' demographic and pre.baseline employment characteristics using the entire experimental sample. As expected with an experimental design, these means br the two groups are nearly identical for every characteristic (except marital status). For more details on the NSW sample see the appendix. For an indepth discussion of the program and its costs see Hollister Ct al. (1984) . the baseline, the employment rates of the two experimental groups diverged as the trainees entered Supported Work jobs. The employment rates of the two groups approached each other as the trainees' terms in Supported Work ended or they voluntarily dropped out of the program. Nevertheless, in the 100th semi-monthly period, or more than a year after the typical trainee had left Supported Work, the employment rates of the trainees exceeded those of the control group by 9 percentage points. Thus the experimental evaluation shows that at least in the short run, NSW substantially improved the employment prospects of AFDC participants. Comparisons between trainees' and controls' empirical survivor functions (i.e., the probability of remaining employed or unemployed through a given date) avoid the problem associated with comparisons between mean durations. As shown by Table 1 , the trainees' employment spells are longer than the controls' spells. For example, 65 percent of the trainees' employment spells lasted six months, compared with only 57 percent of the controls' spells. By contrast, the two groups' unemployment spells are of similar lengths; for example, 73 percent of both the trainees' and the controls' spells lasted at least 6 months. These comparisons between trainees' and controls' empirical survivor functions suggest that the NSW program raised employment rates by increasing the duration of employment spells rather than by decreasing the length of unemployment spells. Unfortunately, such a simple analysis may be inappropriate. The following section discusses the problems associated with these comparisons and presents the case for adopting a more formal statistical framework when using experimental data to estimate the effect of training on employment and unemployment durations.
EXPERIMENTAL DATA AND DURATION ANALYSES
There are at least three reasons why, even in experimental settings, comparisons between trainees' and controls' empirical survivor functions may yield misleading estimates of the training effect. The first problem arises because the first year of data for the controls comes from a period when the treatment group is in training. Thus, on average, the controls may face different demand conditions than the treatments.
The second.problem with comparing survivor functions is that there are other differences among individuals besides their training status. In general, failing to account for such differences biases our measurement of the training effect even though a woman's training status is determined by random assignment.4 This bias occurs since the empirical survivor functions in Table 1 are a function of the corresponding hazard functions and neglected heterogeneity will bias those calculations. Therefore, even when using experimental data, heterogeneity must be taken into account when analyzing the effects of training on the duration of employment and unemployment.
The third problem with the comparison of the trainees' and controls' survivor functions occurs because much of the data on the controls' unemployment spells come from their unemployment spells which are in progress at the baseline. Data from interrupted spells are comparable to data from fresh spells only in the absence of duration dependence, and in our empirical work we find significant evidence of duration dependence.5
Standard empirical analysis of duration models can avoid the first two problems, first, by conditioning on demand variables and observed characteristics and second, by allowing for unobserved heterogeneity which is uncorrelated with observed characteristics, including training status. Standard empirical analysis deals with the third problem of interrupted spells by discarding them and using only fresh spells that begin after the baseline. As shown by column 5 in Table 1 , if we adopt this procedure, training actually appears to have raised unemployment durations.
4See, for example, Heckman and Singer (1984a) and Lancaster and Nickel (1980) . Ridder and Verbakel (1984) discusses this problem explicitly in an experimental setting. 31n the absence of unobserved heterogeneity, one can avoid this problem by measuring duration from the beginning of the spell in progress at the baseline and not from the baseline. However, in the presence of unobserved heterogeneity, this adjustment will still produce biased results. See l-ieckman and Singer (1984a). We find significant evidence of unobserved heterogeneity below.
However, by following standard practice in our study of economically disadvantaged women, we create a potentially serious sample selection problem. For a control to have a fresh unemployment spell, she must first complete the unemployment spell in progress at the baseline, and then complete an employment spell before the end of the sample period (Figure 2a) . Nearly half the controls in our sampling frame never leave the unemployment spell in progress at the baseline, and thus they never appear in our sample of fresh unemployment spells. If these controls are less skilled than the controls who have fresh unemployment spells, using only fresh spells contaminates the experimental design by comparing above-average members of the control group with typical trainees.6 As shown by Table 2 , controls with fresh unemployment spells (in column 5) have more prior work experience and education than either the full sample of controls or the sample of trainees with unemployment spells.7 Consequently, it is quite possible that the controls with fresh unemployment spells leave unemployment more quickly than the trainees because they are a select sample and not because training increases unemployment duration.
A similar sample selection problem may arise for the trainees. Although most trainees become unemployed when they leave Supported Work, some move directly into a regular job. Further, some of these trainees never experience a subsequent spell of unemployment during the sample period. As shown in columns I and 3 of Table 2, 6Thi.s point simply restates the general result that using only new spells is inappropriate in the presence of unobserved heterogeneity (Heckman and Singer 1984a) .
Two measures of work experience arc reported in Table 2 . The first measure is the number of semimonthly periods of employment in the two years prior to the baseline. The second measure is the Iraction of women who had never had a regular job.
trainees with employment spells are more skilled than those with unemphyment spells.
Consequently, the sample of trainees with unemployment spells may exclude women with "above average" characteristics.
Standard duration models can account for the differences in observed characteristics resulting from the foregoing sample selection problem. However, such models cannot account for differences in unobserved characteristics, since they assume that the heterogeneity is uncorrelated with observed characteristics. By contrast, in our problem unobserved heterogeneity will be correlated with a woman's training status. Thus, to follow standard empirical practice, we would have to adopt one of the following two implausible assumptions: (i) there is no duration dependence in unemployment spells, or (ii) unobserved heterogeneity is uncorrelated with training status in the sample experiencing fresh unemployment spells. We now turn to an estimation approach that avoids both of these assumptions.
ECONOMETRIC MODEL
In order to develop a likelihood function that addresses the problems discussed in the previous section, we segment the data into three parts: (i) the employment and unemployment spells that began after the baseline (fresh spells); (ii) the controls' unemployment spells that are in progress at the baseline (interrupted spells); and (iii) the treatments' time in training (training spells).
The Contribution of the Fresh Spells
The contribution of a fresh spell to the likelihood function is straightforward. We define the hazard functions for exiting employment and unemployment to be as follows: (1) ,(t , 0) = .1(t,lX, D, O; ), where j = e denotes an employment spell and j = u denotes an unemployment spell. In
(1), t is the duration of the current spell, X is a vector of explanatory variables (some of which vary with time), D denotes a dummy variable which equals 1 when a woman belongs to the treatment group, O is a scalar random variable representing unobserved characteristics, and is a vector of parameters to be estimated. The foregoing hazard function gives the probability conditional on a woman's training status and observed and unobserved characteristics that she leaves employment (unemployment) in period t, given that she has been in employment (unemployment) up to that point. This probability depends of course on the corresponding density and distribution functions for the number of periods spent in an employment (or unemployment) spell:
In (2),f1() and Fe) are the density and distribution functions associated with the length of employment (or unemployment) spells, and Se) is the survivor function. The fresh spells' contribution to the likelihood function follows from these hazard functions. For example, suppose a woman had a fresh employment spell lasting r periods followed by an 3See, e.g., Flinn and Hecknian (1982) or Lancaster (1990) . unemployment spell (of t periods) which was in progress when the sampling frame ended (see Figure 2a) . Conditional on the unobserved heterogeneity, the contribution to the likelihood for these spells is given by
In (3), x and contain the explanatory variables for the fresh employment and unemployment spells, respectively.
The Contribution of Interrupted Spells
The interrupted spells' contribution to the likelihood is more complicated than the contribution of the fresh spells. It might seem that the two years of pre-baseline data, noted in Figure 1 , would alleviate the difficulties associated with these interrupted spells.9
Using such data, however, simply moves the initial conditions problem back to the beginning of the pre-baseline data. Further, a likelihood function that describes the prebaseline data must account for the program's eligibility criteria. The NSW administrators required participants to be unemployed when they volunteered for training and to have been unemployed for at least three of the six months prior to the baseline. Unfortunately, the likelihood function that accounts for this eligibility criterion and these data are extremely complicated (see Appendix B). Therefore we relegate its estimation to future work.
'Use of the pre-baseine data would also incrcase sample size and therefore increase the precision of the cstmates.
Because of the problems surrounding the pre-baseline data, we use only the postbaseline data when accounting for the interrupted spells' contribution to the likelihood.
Even in this case, the exact likelihood remains extremely complicated (see Appendix B).
To see how these complications arise, let M denote the event that a woman is eligible to participate in training. Consider a woman who leaves her interrupted spell after rperiods and then experiences fresh employment and unemployment spells, denoted by (see Figure 2a ). Her contribution to the likelihood is given by (4) L(r,tI,O,O) = where 0(0) denotes the heterogeneity distribution conditional on program eligibility. In (4), the contribution of the time remaining in the interrupted spells, h(), is a complicated function of the probability of program eligibility, the entry rate into unemployment, and the hazard rate from unemployment (see Appendix B).1° In light of these complications, we follow Heckman's and Singer's (1984a) suggestion and estimate an approximation to (4). In that approximation, we define a new hazard rate for leaving the interrupted unemployment spell conditional on program eligibility and time spent in the spell since the baseline, r, (5) (rI ,0) = The survivor function corresponding to (5) is S,(r, Or). The contribution to the 10Ttic interrupted spells' contribution can be simplified considerably by conditioning on the date, 1, when these spells began. However, one must at the same time condition the heterogeneity distribution. Therefore, because the heterogeneity distribution for each control is G(811) while for each trainee it is still G(8), the random assignment in the experiment is contaminated.
likelihood for a control group member who leaves her interrupted spell after r periods and then experiences employment and unemployment spells, denoted by t, is now given by
where we have appropriately redefined the heterogeneity distribution function, G(O). The contribution for a woman who never leaves her interrupted spell during the sampling frame is given by
is the marginal distribution of 0,., and T is the length of the sampling period after the baseline.
It is interesting to compare the controls' contribution to the likelihood function in our problem to the likelihood function for a typical sample selection problem, (e.g., Heckman (1979) ). In (6) and (7), the contribution of controls' interrupted spells plays a role analogous to the probit equation in the standard sample selection problem. Likewise, the term for the fresh spells, L1( ), plays the role of the regression equation. As in the sample selection problem, we may discard the interrupted spells and use the fresh spells to estimate the training effect only when the heterogeneity associated with the interrupted spells, 0,, is independent of the heterogeneity associated with the fresh spells, 0,. and 0.
Further, since some independent variables change with time, the interrupted spells' contribution to the likelihood is based on different values of those variables than the fresh spells' contribution to the likelihood. That difference should aid in the identification of the hazard function's parameters. Finally, we should emphasize that we do not correct for selection bias in this problem because we wish to obtain structural as oppbsed to reduced form parameter estimates (or unconditional versus conditional estimates). Instead, we correct for the selection process into fresh spells so that we can make the parameters of the treatments' and controls' hazard functions comparable.
43 The Contribution of the Training Spells
In contrast to the controls' interrupted spells, the treatments' unemployment spells end when they are randomly assigned into training (see Figure 2b ). The treatments were eligible for up to S periods of training, but they could leave the program early if they dropped out or if they found a regular job. Therefore the treatments' contribution to the likelihood function must account for their time in training and whether or not they left training early for employment or unemployment. In order to model these possibilities, we define the transition intensity (see, e.g., Lancaster 1990) from training into unemployment after r periods as (8a) A(rI,O) = )(rIXs,O;I3m).
Similarly, we define the transition intensity from training into employment as To form the treatments' contribution to the likelihood, we combine the training period data with the fresh spell data and integrate out the heterogeneity to obtain (11) L(ç,t,) =
•,O,e)L,(tI ,ee,euG(e,o,ee,eu).
where we have again redefined the distribution function G().
As with the controls' contribution to the likelihood, we may draw an analogy from (11) to the sample selection literature. In this case, the contribution of the training spells, L5(), plays the role of the probit equation and the contribution of the fresh spells, L1(), plays the role of the regression equation. Accordingly, we may exclude the training spells from the analysis and still obtain consistent estimates of the training effect only when the heterogeneity terms associated with the training spells, (e Om), are independent of the heterogeneity terms from the fresh spells (On, Os).
ESTIMATES OF THE TRAIMNG EFFECT
To estimate the effect of training on employment and unemployment duration, we maximize the likelihood formed by combining the controls' and treatments' contributions to the likelihood, given by equations (6), (7), and (11). This likelihood function is relatively complex and computationally demanding as it depends on five different parameter vectors (a,, , $,, fl,, flu,) and five different heterogeneity terms, (0,. 0, 0, Ok).
The likelihood's complexity reflects the sample selection biases that arise when we exclude the controls' interrupted spells and the treatments' training spells. To motivate the use of our estimator and to indicate the potential importance of sample selection biases, we first present estimates of the training effects using only data from fresh spells.
Next, we show how incorporating information on the controls' interrupted spells affects our estimates of the unemployment and employment hazards. Finally, we also include the treatments' training spells and estimate the complete likelihood function.
We first follow standard empirical practice and use only fresh employment and unemployment spells to estimate the training effect. By discarding the interrupted spells and training spells, we implicitly assume that the heterogeneity terms associated with those spells are independent of the heterogeneity terms in the employment and unemployment spells. In addition we also assume that the heterogeneity terms associated with the employment and unemployment spells are independent. Finally, we assume that the hazard function for employment and unemployment is given by (13a) )(z) = (1 + exp(y))1, where
y. = 0. + + r) + y1D + alog(t) + alog(5)2, wherej = e,u.
The vector X in the foregoing hazard functions includes both personal characteristics and demand variables. Among the personal characteristics are age, years of schooling, whether or not the women dropped out of high school, the number of children less than 18, race, and marital status.t1 The demand variables are monthly nonagricul tural employment and the number of persons receiving unemployment benefits. We measured both demand variables as log deviations from SMSA means. Finally, we used log duration and its square to capture the effects of duration dependence.12
The estimated training effects using only fresh spells suggest that training lowered the probabilities of leaving both employment and unemployment.13 In Table 3 , column (1) presents the coefficient (and standard error) of the training dummy variable and the duration terms from the employment hazard when °e is constant, while column (2) LIThC means for treatments and controls characteristics are given in Table A of the Appendix. We also experimented with adding age-squared, and dummy variables for whether a woman was of Hispanic origin or currently married. None of these variables had a coefficient that was significantly different from zero, nor did the addition of the variables affcct the results.
Thc quadratic duration term was significant only in the employment hazard function. Consequently, we dropped it from the unemployment hazard. We also used time dummy variables instead of log duration and log duration squared to capture the effects of duration dependence (see Meyer 1989 ). This alternative specification had no effect on any of the estimated coefficients, including that for training status.°T he full set of parameter estimates arc contained in Table B in the Appendix.
presents the same estimates when the heterogeneity term is assumed to come from a discrete distribution with two points of support.'4 The estimates indicate that training increased employment durations by approximately 11 months. In columns (3) and (4) of In light of training's positive impact on employment rates, the finding that training impaired a woman's ability to find a job is surprising. However, a more plausible conclusion to draw from the analysis of fresh spells is that the sample selection problem is particularly serious when studying economically disadvantaged persons. The controls for unobserved heterogeneity in column (4) assume that the heterogeneity terms are independent of the explanatory variables, including training status. However, we argued above that using only fresh spells is likely to create a sample selection problem and to contaminate the experimental design. In this case, training status will be correlated with O and O and the standard approach is inappropriate.
An informal way of avoiding this selection problem is to include the controls' interrupted spells and to assume that the fresh and interrupted spells have the same hazard function.16 But this procedure also involves the strong assumption of no duration "Sec Heckman and Singer (1984b) .
'The estimated differences in trainees' and controls' expected durations are calculated using the parameters from the estimated hazard functions, which ignore unobserved heterogeneity. measure the duration in the spells as time spent unemployed since the baseline. Alternatively, if we use the actual duration of those spells, which includes time spent unemployed prior to the bascline, the estimated training effect is similar to that reported for fresh spells in column 3 of Table 3 . By using actual duration, we adjust downward the hazard for controls' interrupted spells in order to take into account that dependence in the unemployment hazard. If the assumption is inappropriate, including interrupted spells involves trading off the bias from misspecification -that is, treating time remaining in an interrupted spell the same as time in a fresh spell -against the sample selection bias resulting from excluding these interrupted spells.
As shown by column (5), when we use both interrupted and fresh unemployment spells, the estimated training effect in the unemployment hazard falls by one-half in absolute value and is no longer statistically significant at standard confidence levels.
However, we also find strong evidence of duration dependence. Moreover, this duration dependence is not simply the result of neglected heterogeneity. As shown in column (6), when we assume that unobserved heterogeneity is drawn from a two-point distribution, the magnitude of the duration dependence coefficient declines but nonetheless remains substantial and statistically significant. The existence of duration dependence indicates that it is inappropriate to assume that the hazard function is the same for interrupted and fresh spells.
The findings in Table 3 indicate the potential importance of sample selection and motivate consideration of the more rigorous statistical framework developed in the previous section. To begin, we first allow the interrupted and fresh unemployment spells to have different hazard functions and require the heterogeneity terms in those functions to be correlated. We assume a one-factor loading structure where O = rO and O is drawn from a two-point distribution. Further, we assume that the heterogeneity terms those women have been unemployed for some time at the baseline. If there were no unobserved heterogeneity, this alternative approach would be appropriate. But, in the presence of such heterogeneity, its distribution for interrupted spells should be conditioned for time spent unemployed prior to the baseline, again contaminating the ecperimentaI design. associated with the interrupted and fresh unemployment spells are independent of the heterogeneity terms associated with the employment and training spells (Or, O, 6k). As shown in column (1) of Table 4 , now training has essentially no effect on the transition rate out of a fresh unemployment spell.
We next consider the case where the heterogeneity terms from interrupted unemployment spells, fresh unemployment spells, and employment spells are correlated according to a one-factor structure where 0,. = rO and 0 = eOn, and O is drawn from a two-point distribution. Further, we assume that the heterogeneity terms associated with these spells (0,., O, O) are independent of the heterogeneity terms associated with the training spells (Ow. Ow). As shown by column (2), when we correct for selection bias in this fashion, training has no effect on unemployment durations. However, as shown by column (4), training continues to have a strong effect on employment durations.
Finally, we account for the potential selection bias arising from the treatments' exit from training. We assume that all the heterogeneity terms in our model are correlated and again follow a one-factor structure where 0,. = r0,, O = eO, 0= mOp, 0 = nO,,," and 0,, is drawn from a two-point distribution.18 Column (3) contains the coefficient for the training dummy from the unemployment hazard for the fresh spells, while column (5) 'Wc considered a generalization of this structure such that 6,,, = a,,, + m9, a,,, + nr, 9, = a,, + e6', 9, = a, + r' and 9,, = a,, + 6" where 9" is a mean :ero random variable drawn from a two-point distribution. However, we tried this specification for a number of cases and starting values, and never had a nonncgligible effect on the likelihood value or the parameter estimates.
Thc project was quite computationally demanding and thus we generally stayed with the assumption that 8 was drawn from a two-point distribution. However, we did try to add a third point of support for our last model, which allows for full correlation. Even though we tried several starting values, we could only achieve a trivia] increase in the likelihood. Given that we could not find a role for a third point of support in our most complicated model, we maintained the assumption that 9,, was drawn from a two-point distribution in our other specifications.
contains the estimate of the training coefficient from the employment hazard. Comparing columns (2) and (3), we see that the training dummy in the unemployment hazard has risen, but the estimated coefficient in column (3) still has an asymptotic normal statistic approximate'y equal to one. Comparing columns (4) and (5), we see that the training coefficient in the employment hazard has also risen and is quite significant.
Our estimates that account for sample selection indicate that training significantly increased the duration of employment spells, while it had no statistically significant effect on the duration of unemployment spells. We certainly found no evidence that training reduced unemployment durations. These findings make considerably more economic sense than the findings based only on fresh spells, which suggest that training substantially raised unemployment duration. The results also indicate that initial conditions problems are of more than theoretical interest in event history studies, and that policy conclusions based on these studies may be quite sensitive to how researchers deal with such problems.
VI. CONCLUSIONS
In this paper, we found that supported work raised employment rates because it helped women who found jobs remain employed longer than they would have otherwise.
Our finding is in keeping with the program's objectives and is encouraging because longer employed spells may lead to greater human capital accumulation. Such a possibility suggests that the short-term program effects should persist and might even increase over time. A recent study by Couch (1991) supports this contention. Using social security quarterly earnings data, he reports that the NSW treatments had greater earnings than the controls more than 7 years after the supported work program ended. Thus, our study suggests that short sa.mpling frames contain information that program evaluators might use to draw inferences about the long-term effects of training. Such a contention needs, of course, to be explored further in future research.
We conclude with a final point concerning the value of an experimental design when evaluating training's effect on employment and unemployment durations. The complexity of the estimator developed in this paper does not reflect a shortcoming of the experimental design. Indeed, in a nonexperimental setting this problem is much more complex. For example, Gritz (1988) uses the National Longitudinal Survey to evaluate the impact of public sector training on employment and unemployment durations. Because he does not have a random design, his study differs from ours in two fundamental ways.'9
First, since he does not condition the heterogeneity distribution for being eligible for training, his study addresses a more ambitious question than ours, namely, what effect training would have on a randomly chosen member of the labor force. Second, since he must allow for individuals entering training both before and during his sampling rrame, he faces a more complex task in accounting for selection bias. Not surprisingly, Gritz finds that government-sponsored training substantially increases unemployment duration and decreases employment duration. He acknowledges that these findings may reflect the failure of his econometric model to account fully for selection bias.2°" He must also aggregate across different training programs.°S ec Ridder (1986) for an evaluation of Dutch training programs with nonexperimental data. As he expLicitly notes, Ridder is forced to make strong identifying assumptions since he lacks a control group and must instead rely on pre/post comparisons betwcen unemployment durations.
In All participants, including the control group members, were interviewed when admitted into the program. Among the information collected in these interviews was the woman's age, years of schooling, whether she was a high school dropout, number of children under 18, marital status including whether she had ever been married, and race.
In addition, retrospective data on a woman's employment status were obtained in semi-monthly intervals for the two years prior to the baseline. This information was used to calculate the respondent's number of semi-monthly periods of employment experience in the two years prior to the baseline. Another question determined the number of weeks since a woman's last regular job, which was used to construct a variable for whether a woman had held a regular job since she was 16 years old.
Both treatments and controls were interviewed at 9-month intervals following the baseline. These interviews collected information on each woman's employment status in semimonthly intervals during the previous nine months. These data were used to construct the length of spells of employment and unemployment during the 26 months following the baseline. Some women with a 27-month interval had employment data for only 26 months because their interview took place before the end of the month. The post-baseline employment histories in our study extend for 52 semi-monthly periods. The sample used in the study consists of only those women with a baseline and three 9-month interviews and who satisfied the two employment related eligibly criteria for the program.
Unfortunately, less than 40 percent of the sample was interviewed after 27 months due to program costs. In addition, not every woman who participated in the program as either a treatment or a control appears to have satisfied the employment-related eligibility criteria.
However, these factors do not affect the integrity of the experimental design since treatments and controls were affected equally. Nevertheless, the sample available for this study was greatly reduced. There were 275 women in our treatment group and 266 women in our control group. All of these women volunteered for the program during 1976. The means and standard errors of these women's demographic characteristics are presented in Table A .
The labor demand variables used in the paper were collected from various issues of Employment and Earnings published monthly by the U.S. Department of Labor. We used the deviation around the site mean of total payroll employment and number of persons receiving unemployment insurance to proxy for labor market conditions in each woman's city at a point in time.
Ill. Miscellaneous Issues

A. Deleting Ineligibles
There were thirty-four women -19 trainees and 15 controls -whose employment histories prior to the baseline were inconsistent with two intended eligibility requirements of the program. Nearly all of these women were unemployed in less than 3 of the 6 months prior to the program; some also were employed at the baseline. When these women are put back into the sample there are 294 trainees and 283 controls. Ham and LaLonde (1990) presents the average durations and empirical survivor functions for this slightly larger sample. The program's effect on employment rates is unaffected by which sample we choose to use.
Excluding these women should not affect the integrity of the experimental design as long as "ineligible" women were no more likely to be assigned to the treatment group than to the control group. We focus on the program effects for this "eligible" sample in this paper partly because there are relatively few cases of ineligibles and because we would have too few data points to estimate a separate hazard for interrupted employment spells.
B. Ne-Shows
There were 14 treatment group members in our sample who volunteered and were randomly assigned into training but never showed up for supported work. We treat these no-shows as trainees throughout the analysis. To exclude these women from the analysis would contaminate the experimental design. Therefore, the training effect measures the impact on the employment opportunities of the treatment group members of the opportunity to participate in supported work.
C. Supported Work Participation
Trainees were guaranteed a subsidized supported work job for 9 to 18 months.
Initially productivity and attendance standards for the participants were less than would be expected on a regular job, but these standards were raised by the program administrators over time. Some participants either left the program voluntarily or were asked to leave because of poor performance before their term expired. For the sample used in this paper, 75% of the participants had left by the 13th month and 95% were out of the program by the 17th month.
APPENDIX B ANALYSIS OF THE PRE-BASEUNE DATA AND OF THE CONTROLS' INTERRUPTED SPELLS
We face two problej in forming a likelihood that utilizes pre-baseline data. First, we must model the probability of being eligible for training, even if we are controlling for variation in unobserved variables only within the sample that volunteers for training. This necessitates obtaining a tractable expression for calculating this probability.
The second problem we face is that while we know the starting date of the unemployment spell in progress at the beginning of the pre-baseline data, we do not know the starting date of an employment spell in progress at the beginning of the pre-baseline data. We can write a likelihood for these data, but it is not clear how well some parameters will be identified. However we argue below that as a practical matter, it may be sufficient to know the starting date of the unemployment spell.
I. Specifying the Probability of Program Eligibility21
A woman is eligible for training if she was unemployed for at least six of the twelve semi-monthly periods preceding the baseline. The probability of spending at least six periods in unemployment in the interval (-12,0) depends on whether the individual is employed or unemployed at calendar time .12 and on the length of time she has been in employment or unemployment at this time.
21Wc owe a substantial debt to Geert Ridder for his help in deriving the expression for this probability.
We denote the probability of being eligible as Pr(M 1) and define ani indicator I(-12) = 1 if the individual is unemployed at time -12 and 0 otherwise. We note (B.1) Pr(M1) = Pr(M,J(-12)1 ) ÷ Pr(MJ(-12) = 01).
Define the probability of entering unemployment at time -r s
where O is an unobserved heterogeneity component. Then Consider Pr(MI T,), the probability of an individual meeting the eligibility criterion given that she has been unemployed for T periods at -12. Define N as the total number DTo obtain some intuition on the entry rate, considcr the following exmp!e. Suppose in period 0, individuals are assigned to employment and unemployment by a fair coin toss. The probability of entering unemployment in period 3 is the employment hazard, A,, times the probability of being employed in period 2, P(!,,(2)0). Thus k(3) A, P(!(2)0)
The entry rate is a complicated nonlinear function of transition rates in previous periods but these crossequation restrictions are not imposed in cstimaton.
of unemployment spells in [.12,0] , including the spell interrupted at -12. Define N as the total number of employment spells in [-12,0) . In theory there could be a very large number of transitions in this interval, and N and N could be large integers. Even if we work in discrete time, there are a large number of employment histories over [-12,0] consistent with the eligibility criteria given T. As a practical matter, one would expect to see very few transitions for this group. Thus while
one should obtain an excellent approximation by considering only the first few terms where S(T + 12 ') is the conditional probability of surviving for 12 additional periods given that the individual has survived up to 7,,. Further, one can impose the requirement that the individual be unemployed at the baseline by considering only the terms in (B.5) where N,, > N. A similar approach can be used to calculate the probability of being eligible for training for someone employed at -12,
where 8 is the unobserved heterogeneity component for the entry rate into employment.
Using (B.1), the probability of being eligible for training is John Mickelwright suggested that we treat the selection rule as uncmploycd at the baseline, leading to a simple stock sampling problem (as in Lancaster (1979) and Nickell (1979) ). This would simplify matters considerably at the cost of misspecifying the selection rule. The unconditional contribution of a control who is unemployed at -48 is
where dG() is the density of (O,8jw,Oe,8u).
The contribution of a control who is in an employment spell at -48 is more complicated, since we do not know the start date of this employment spell. Suppose this
Note that since we are not attempting to extrapolate beyond the population of volunteers, we do not integrate separately over Pr(M 1) to allow for the selection rule to change the distribution of heterogeneity. Second, the entry rate for employment enters the likelihood only through integrals (or sums in discrete time), which may make identification of its parameters quite difficult.
However, only 11% of the sample are in employment at -48, and only 4% of the sample are in employment at -12 (for calculating the probability of selection). Thus, as a practical matter, discarding the data on interrupted spells of employment at -48 may not lead to serious biases in the estimates. (Note that this affects trainees and controls to the same degree, as opposed to the case of the interrupted unemployment spells at the baseline.) Second, it may be appropriate to use the approximation (B.17) Pr ( First, we consider the case where there is no eligibility requirement for a control, and then we simply observe a control in an unemployment spell in progress at the baseline. In this case, the density of time spent in the spell after the baseline is given by (B.18) g(r I
= Sku(Tu I .,6)f(r +rj (Recall that we caxmot condition on the start date of the spell as this will contaminate the random assignment.) However, we must also take into account the fact that volunteers must satisfy the eligibility requirements, which will in turn affect the distribution of spells in progress at the baseline. Thus we have (conditional on the heterogeneity) (B.19) h ( and integrating out the unobserved heterogeneity is essentially as complicated as that based on the pre-baseline data (B.14). Notes.--The calculations in Column 4 include spells in progress at the baseline. (In the spells in progress, duration is measured from the baseline.) Those in Column 5 use only unemployment spells that begin after the baseline. The standard error calculations account for "right censoring" of the data. Notes.--Mean durations are the mean number of semi-monthly periods. All employment spells and trainees' unemployment spells begin after the baseline. The controls' spells in column 4 include both unemployment spells that are in progress at the baseline and that begin after the baseline. Duration of those spells in progress at the baseline is measured as semi-monthly periods from the baseline. The statistics in column 5 include only spells that begin after the baseline. The numbers in parentheses are the standard errors. Prior experience is number of semi-monthly periods worked in the two years preceding the baseline. 'Prior experience is the number of semi-monthly periods of employment in the two years prior to the baseline.
'Never employed is a dummy variable indicating that the woman has not had a regular job since she was 16 years old. The treatment group members leave their spell of unemployment and receive training for approximately 1 year (24 periods) while the controls continue in their spell of unemployment.
